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Abstract

The saturated hydraulic conductivity (Ks) of soil is essential for the transport of water, nutrients, and
pollutants. Direct measurement of Ks is time-consuming, expensive, and may produce unreliable results
due to soil heterogeneity and errors. Therefore, indirect methods such as regression pedotransfer
functions and intelligent models are used to estimate this soil property. This study compared the
performance of three intelligent models -neuro-fuzzy (NF), gene expression programming (GEP), and
random forest (RF)—in estimating Ks from readily available soil variables. Data from 102 soil samples
collected from agricultural lands in the Ardabil plain, including sand, silt, clay, geometric mean and
geometric standard deviation of particle diameter, bulk and particle density, organic carbon, CaCOs, and
Ks were used. Eighty-two data points were used for training and 20 for testing the intelligent models.
Five different combinations of readily available soil variables were selected as model inputs to estimate
Ks using NF, GEP, and RF models. The results of all three intelligent methods indicated that the
combination of clay and soil bulk density as input variables provided the highest accuracy and was the
best model for estimating Ks. The coefficient of determination (R?), normalized root mean square error
(NRMSE), mean error (ME), and Nash-Sutcliffe coefficient (NS) were calculated based on the test data
as follows: 0.83, 0.118, 0.002 cm min?, 0.81 for NF; 0.83, 0.145, 0.020 cm min?, 0.71 for GEP; and
0.74,0.151, 0.020 cm min‘t, 0.69 for RF. The results showed that the NF model estimated Ks with high
accuracy in the study area compared to the other two intelligent models, due to its low NRMSE and high
NS.
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. Saturated hydraulic conductivity (Ks)
. Multiple Linear Regression (MLR)

. Artificial Neural Network (ANN)

. Neuro-fuzzy (NF)
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Table 1. Descriptive statistics of soil variables in the study area (n=102).

Variable Min Max Mean CV (%)
Sand (%) 24.40 68.00 42.03 21.19
Silt (%) 23.30 57.60 37.63 20.90
Clay (%) 3.80 42.90 20.33 45.39
OC (%) 0.31 1.52 0.82 31.11
BD (g cm?®) 1.04 1.70 1.36 10.77
PD (g cm®) 2.50 2.70 2.60 1.86
dg (mm) 0.02 0.26 0.07 60.12
og (-) 7.48 19.41 13.61 21.90
CaCOs (%) 3.75 37.50 14.82 33.84
Ks (cm min™) 0.02 0.47 0.12 86.31

OC: Organic carbon; BD: Bulk density; PD: Particle density dg: Geometric mean diameter; 6¢: Geometric standard
deviation; Ks: Saturated soil hydraulic conductivity; CV: Coefficient of variation.
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Figure 1. Distribution of textural class in the studied soils.
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Table 2. Pearson correlation coefficient (r) between saturated soil hydraulic conductivity (Ks) and input
variables of models (n=102).

Variable Sand Silt Clay dg

g OoC BD PD CaCOs3

Ks 0.51™ 0.33™ -0.78™

0.66™

-0.67 -0.06 -0.20" 0.46™  -0.50™

sl 0ad 0051V Jgaz 15 50 o ite oo Chogi o pd B g ) Jleisl o (o ls ime (o Sy e g
: Significant at P < 0.05 and P < 0.01, respectively.

* kk

Variable symbols description is available under Table 1. ™
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Table 4. Multiple linear regression (MLR) models of saturated soil hydraulic conductivity (Ks).

Number Model
1 Log Ks=0.027 Sand + 0.025 Silt — 3.108
2 Log Ks=0.033 Sand + 0.028 Silt - 0.598 BD - 2.667
3 Log Ks=-0.552 BD - 0.03 Clay + 0.323
4 Log Ks=0.013 Sand + 1.555 PD — 0.02 CaCO3 — 5.307
5 Log Ks =-0.534 BD + 6.574 dg— 0.056 o4 + 0.202

Variables description is available under Table 1.

wiiliannss Jae s GEP) 5 ol (550585 o255
Ol 5 a8 Canl T35 5801 g S35 (5540l i
e el s Lol 5 s slopgisesS
b gl sl bl 5 5 o ooliial (K55 v 55
S5 i yaelin b ad s oglate JISi 5 Laojlad
$375 pg—ayd i asllae gl NgB oo oS 5
Zhang ) Sly 9 Sl b 4y )lg5 g0 GEP Jows (s,
Glp ol 3adzd )0 0400 dxx>l 10 (& Zhangh, 2024
Ohsy da S (Ko) gl (Slgpane colan o),
Gene Xpro Tools 158l 5 51 (GEP) 5 )l (g3 54l
Joe sl aslyd yo (Ferreira, 2006) o oolaiw! 4.0
ol @y Jobs laJle 5 5 @y 5l slacgono GEP
bl ) g o iy 5 ol g (Sl (ol
5 R (ot a2 Sl 4 pliwd B las 5 s
oo3le ;0 RMSE) Uz iley o 0 Sleo a iy, Jilo
2 mln ol loRles o b asd 5 IS Jos
0 gx e o) ool Joe oz Jols Jas ol anlyd
e S R e R RS IR LY
syl jo colai il 0,90 slo ol ,b ai0gs O o ¥ (Y lgs
sloed o 58 9 F ooz )0 4o 5bas GEP o

Gl Gilwaige 9l 3 Ll 5o edel Cewsay b og

O¥

ol 00l ob)jl \ Jj\)? 2y Lb;..h.a -0 3}

emac a0 3l S 5 (NF) (6504, mlcnl piws
Slabaly Sy NF o (38 s il o lyiasl olS5T —
e saleion )8 (295 9 99,9 Sloiie ()
& bgye culis g 09 o aiS (M) "cygze 2 )]
=235l Slap, s Gk Sl 538 o Cuse s
;o «(Shiri et al., 2017) 35,5 o Cptd (co—ac 4S5
S (NF) (53la55 slo Jow ol (gl 0l oo
s S (Ks) glil  (SOdg 0 colon 3y,
B P T S L e
o Jow jlislu age oS 5 .00 5 eolatl MATLAB
Cugiae @l jlesliinl b g s g (orw &)k 5l (55095
Ghorbani ) sel coawsas Jaw ;o gl cilise sla S5
i Cag—ac milgy a5 i pl 4y (et al, 2019
Slgreas (imf) IS o 9 (Qaussmf) oS (trimf)
Sl Cag—de wli g (6999 Y Cug—ae @y (e
Coguac mb oy e leicas (linear) s 4 (constant)
NF Jow zo szl Gl B Ve ag )15 slass
ol Py 08 s 3l 5 ) po a8, S

Db e Uz Lal g (9 465 plians 30 (S50l

L, Membership Function



VEF o) F oylads Y al

S 60,5 Sladss

OLS 0 olawi 5.5 9 &30 10 40 o689 ,9 olawd 095 0
Gz )3 D9 oo Guen a9 (a9, 4 Al
@ S (Ko gl (Sdgpans colan oyl ol ol
&zl oy ol oolaiwl Weka 1580 o 5 SIRF g,
2550 99790 (S5 pxie ¥ L Ks 0,91 6l RF Jow
Voo BYe olass g (Mtree=2) o 5 0 Solal dcgoe
J—ST 5 (eals Y+ ¥) osls JS el s RIER
(osls auo jd Ae) (590l acgorme o 4 Solas jgbas
Sl G 005 s (00l as )0 Y) Gse,cﬂ 5
05 Oler srotelin «(NF) (63l Joo o o (6l

o a8 F 54y (RF) ol JS> 5 (GEP)

O 899y9 yiie 53 LY oslat Joe) GEP Jow (e

el o 035l ¥ S8 j0 (6,0l ogasie o> g
e gt L oyl RF) ol S Jus
oyl SO RF o oSl o adl | (Breiman, 2001)
Db go opiile (6 S 0b (ol S g 00l ¢y 3y Cllasil
4 Blboe (5295 650k oSl So (Bola S
O S go Z e 1y Sy olal b (g5, Bl
ot ] y0 a5 Sl (350 4l (295 (s, Ko Jae
Mt iy (B0l (slapuiie 5 (slasgorma 4 S50
S LS o @dls ok Seew S, Gl 5l S
» ¢lp RF Jas ,o .(Singh et al., 2020) sl oo 0,

JLA.C‘ 89959 LSL-“)‘-’W" )’| 6‘4-‘5“'-’.“’ 2) SO S0

(GEP) 5 ol 32000l 2 Joo sl yiolyly polio -F Jour
Table 4. The values of gene expression programming (GEP) model parameters.

General adjustment Values Genetic factors ~ Values
Number of chromosome 30 Mutation rate 0.044
Head size 8 Inversion rate 0.1
Number of genes 3 one point recombination rate 0.3
Linking function (+) e Two point recombination rate 0.3
Fitness function error type RMSE Gene recombination rate 0.1
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Figure 2. The expression trees developed by the best gene expression programming (GEP) model; d0 and d1
indicates bulk density and clay, respectively.
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Table 5. Evaluation criteria for neuro-fuzzy (NF) models for estimating saturated soil hydraulic conductivity

(Ky).
Training set Testing set
. ME 2 ME 2
PTF number Input variables NS - v NRMSE R NS - n NRMSE R
(cm mint) (cm min)
1 Sand, Silt 0.62 0.000 0.140 0.62 0.58 0.012 0.174 0.65
2 Sand, Silt, BD 0.85 0.000 0.088 0.85 0.51 0.004 0.188 0.54
3 BD, Clay 0.64 0.000 0.136 0.65 0.81 0.002 0.118 0.83
4 BD, Sand, CaCOs  0.52 0.000 0.158 0.52 0.65 0.004 0.159 0.66
5 BD, dg, og 0.95 0.000 0.052 0.95 0.18 0.003 0.337 0.26

BdSSl- 15wy NS s Sl e (52 Kkeo Hgdne RMSE (s oSl :ME (o o0 R2 (sl oo 03,91\ Jgoz 5 50 b puitie oy

R?: coefficient of determination; RMSE: root mean square error; ME: mean error; NS: Nash-Sutcliff coefficient. Variables

description is available under Table 1.
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Table 6. Evaluation criteria gene expression programming (GEP) models for estimating saturated soil
hydraulic conductivity (Ks).

Training set Testing set
PTF . ME ME

Input variables NS (cm NRMSE R? NS (cm NRMSE R?

number S s

min?t) min't)
1 Sand, Silt 0.57 -0.001 0.149 0.58 0.54  0.009 0.182 0.57
2 Sand, Silt, BD 0.65 0.002 0.135 0.66 0.41  0.003 0.207 0.48
3 BD, Clay 0.59 -0.002 0.146 0.59 0.71  0.020 0.145 0.83
4 BD, Sand, CaCOs 0.29 -0.001 0.191 0.30 0.47  0.013 0.196 0.53
5 BD, dg, og 0.73 -0.001 0.118 0.73 0.21  0.018 0.240 0.47

Sl 25 o NS dbs Sl je 5.k jgiome RMSE s . Sikes IME (s 0 R? sl o 0551V Jsoz 05 50 b piite cieogs

R coefficient of determination; RMSE: root mean square error; ME: mean error; NS: Nash-Sutcliff coefficient. Variables

description is available under Table 1.
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Table 6. Evaluation criteria of random forest (RF) models for estimating saturated soil hydraulic conductivity

(Ky).
Training set Testing set
PTF Input variables NS ME  NRMSE R? NS ME = NRMSE R?
number (cm min‘t) (cm mint)
1 Sand, Silt 0.45 -0.002 0.130 0.46 0.62 0.030 0.167 0.52
2 Sand, Silt, BD 0.67 0.0005 0.072 0.71 0.64 0.020 0.161 0.79
3 BD, Clay 0.88 0.0003 0.080 0.89 0.69 0.020 0.151 0.74
4 BD, Sand, CaCOs 0.31 -0.002 0.189 0.39 0.48 0.021 0.195 0.76
5 BD, dg, o9 0.35 -0.050 0.160 0.54 0.42 0.023 0.205 0.47

Sl 15 o yo NS dlas Sl e (12Kks 935 RMSE oz (. Kibe ME (s 0 R2 (sl oas 03,91\ Jgoz 5 50 b puitie oy

R?: coefficient of determination; RMSE: root mean square error; ME: mean error; NS: Nash-Sutcliff coefficient. Variables

description is available under Table 1.

g (F Jguz ;o ¥ o)le Jao) GEP Jos (g «(O
L)"’L'M‘)‘J (V de} )OYI o)Lo_.C;B JM) RF JM L}")’“‘é«)
Ssee Calaa 2555 polie gl a5 95l oo canlive
YL il S dielign g, duw o glas (S gl
Sl slass a4y e bl ) acad cpl Lo oS 0 il
as ol Ca i ados ol o YLK polie L slaosls
Ks > 0.20 ) oogame 'yl ;o o Jow (5590l 03,5 cge
sadl i fuizres 0,50 plasl g3 4y (Cm min'
Ot o Vi) s Glbl osls  SauSTy af 055 o
oS RF 5 GEP (sl Jos (s 54 4s cori NF Jos
Ol g0 a8 vges blas il i led co pl plo ol
sloyiie g3, 31 Ks 33510 50 538555 Joms (i
odzry b pé by, sleslewl cleay S5 célog;
03905 Joe ;00 wiedga Joo 93 5| 5389 ilpe
(Singh et al., 2020) | Kon 5 Gimw kgl ;0 .ol
2 s sleJos (Tan et al., 2023) o) Sen ¢ ol g
5 (EF—as o—ac a0 b awslis o Bolar S
Sy aing: 510,55 1 Ks 05Ty (Vb s 5l 5l 5
adoged 9,155 3.5 (Zhang and Zhang, 2024) ;o
s 908 ol S Juo 5 5 ol s ysle Jo
S (Ks) gleil (Sdgpaun culon sl Lo i s b
Spls 0Dy st Sl cdlog) o st g9, 5l 1
e g 48,8 olasl Olalllas olass g Sadl aa calic b
e ) sl (e Dllllas s og (ki g 05
S5l debign slo Jow o, Slae 5580 4 wslio i g
‘nL?u‘ o.\.,.»] o (5).&_».“0 uLQ...D.?D Sl ‘D)Y 4Ks 0)91).“

=

0S50

e 33 RF g GEP INF (gl Juo o ySloc dulio —F
Ks

EL—3l (Sgyaee Solae (st g (5 pSojladl polis
Joe oyt slp Seesl abais Yoo Lol ul 5 S (Ko)
J5z 5 GEP) o ol iyl «(NF) (550855
(L) 0 JSa g ¥ JSo ¥ S8 50 o oy RF) (dolas
a2l slao,lel mls .ol soi ools oL
o, g NRMSE) oo Jloy slas Sl o (koo
o lois Joo) NF Jowo o ke sl (NS) cadSSlu - 25
oV ole—d Jus) GEP Jus oy e (b Jguz o ¥
(V Jgoz ;o ¥oleds Joo) RE Jow 02 e 5 (F Joor
oS el ol Sk 053] 6 5o Ks 05l L3
9 ((/AV) YUNS jlade s dls cde aa NF Jus oy s
GEP Jowo (e b aeslin ;o (+/VVA) 0l NRMSE
RF Joe (py4e 9 (NS =0.71 ¢ NRMSE = 0.145)
5yt o3 6l ls (NS =069 5 NRMSE = 0.151)
oadl o yizmes .addg K e”]ﬁ 30 S gl
RF Jow p e b asglae ;0 GEP Jow (3 e «0sd o0
(5ol NRMSE 5 5L NS 1 s fo 55 Lds )
Ciomed duled 0590 g e cdo Ll K el jold
Waseemetal., ) |,Ke2 g powly (goas o yulasly
e o yo pols Gudsd jo 4 CaS olgr o0 (2017
Jouz) RF o (F Jgaz) GEP (& Jsuz) NF ailS,
RS s eSS (g5 a2 50 0 0)le Jae oV
33 8es (n cinad s NS ool jlade o 2S5 o5
o)l o S (Ks) sl Sdg oue culas Syl
(@O JSo o F Sl oF U ail go Jouo,l cciss
Ks (o055 9 S0l polia Vi) gl i as s
Jeaz 0 Vo ke o) NF Jow o g 5l oolail U 1,



VECF e oF o)let Y al> S gl Slidos

o
o
3

o
(62]

< NF (g.ﬂ\) NF (u) @ |\|easured
E 0.4 - o 0.4 ’ — o- - Estimated
R & ® 503 -
2 e k=
é 0.2 - €02
E %g ° 13
= 0.1 1 Y] i
g ,l‘ ‘ ¥0.1

0 f T T T T 0

0 01 0.2 03 0.4 0.5 12345678 91011121314151617181920

Measured Ks (cm min -1)
Testing points

2 (NF) (5895 Jao o2 i 31 oolisius! b S (Ks) glodl (Sudg yiad ol 0uid 3,591 31 9 (655703151 0 0lko dumsy Lo ¥ JSis
ol 00l 03591 & Jguz 30 (69959 L sk g Juo 41 by po wileMbl «(N=20) Sgojl sosls wlwl
Figure 3. Comparison of estimated and measured values of soil saturated hydraulic conductivity (Ks) using the

best neuro-fuzzy (NF) model based on testing data (n=20); Table 5 provides detailed information about model
and input variables.
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Figure 4. Comparison of estimated and measured values of soil saturated hydraulic conductivity (Ks) using the
best gene expression programming (GEP) model based on testing data (n=20); Table 5 provides detailed
information about model and input variables.
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Figure 5. Comparison of estimated and measured values of soil saturated hydraulic conductivity (Ks) using the
best random forest (RF) model based on testing data (n=20); Table 5 provides detailed information about
model and input variables.
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